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Abstract: The Radar Vegetation Index (RVI) is a well-established microwave metric of vegetation
cover. The index utilizes measured linear scattering intensities from co- and cross-polarization and
is normalized to ideally range from 0 to 1, increasing with vegetation cover. At long wavelengths
(L-band) microwave scattering does not only contain information coming from vegetation scattering,
but also from soil scattering (moisture & roughness) and therefore the standard formulation of RVI
needs to be revised. Using global level SMAP L-band radar data, we illustrate that RVI runs up to 1.2,
due to the pre-factor in the standard formulation not being adjusted to the scattering mechanisms at
these low frequencies. Improvements on the RVI are subsequently proposed to obtain a normalized
value range, to remove soil scattering influences as well as to mask out regions with dominant soil
scattering at L-band (sparse or no vegetation cover). Two purely vegetation-based RVIs (called RVII
and RVIII), are obtained by subtracting a forward modeled, attenuated soil scattering contribution
from the measured backscattering intensities. Active and passive microwave information is used
jointly to obtain the scattering contribution of the soil, using a physics-based multi-sensor approach;
simulations from a particle model for polarimetric vegetation backscattering are utilized to calculate
vegetation-based RVI-values without any soil scattering contribution. Results show that, due to the
pre-factor in the standard formulation of RVI the index runs up to 1.2, atypical for an index normally
ranging between zero and one. Correlation analysis between the improved radar vegetation indices
(standard RVI and the indices with potential improvements RVII and RVIII) are used to evaluate
the degree of independence of the indices from surface roughness and soil moisture contributions.
The improved indices RVII and RVIII show reduced dependence on soil roughness and soil moisture.
All RVI-indices examined indicate a coupled correlation to vegetation water content (plant moisture)
as well as leaf area index (plant structure) and no single dependency, as often assumed. These results
might improve the use of polarimetric radar signatures for mapping global vegetation.
Keywords: microwaves; radiometer; radar; vegetation index; soil scattering; roughness; soil moisture;
SMAP; SMOS
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1. Introduction
Mapping the density of woody vegetation cover at large scales is required in applications such as
estimating terrestrial carbon stocks. Vegetation dynamics are also linked to global climate processes [1,2].
The forest ecosystems exchange water, energy, carbon and other biogeochemical species with the
atmosphere and especially play a critical role in atmospheric carbon dioxide uptake [2–4]. Continuous
mapping of these ecosystems delivers crucial information to quantify and understand change in the
environment from local to global scales [1].
Over the past decades, remote sensing of vegetation cover has mainly been based on measurements in
visible, near infrared and shortwave bands [1,5,6]. Optical and infrared indices have limitations associated
with opacity of the atmosphere due to clouds, water vapor and aerosols. Active (send & receive) and
passive (only receive) microwave remote sensing operates in a wavelength range between 1 mm and
1 m. Unlike optical and infrared, microwave remote sensing is independent from solar illumination and
penetrates areas covered by clouds, haze and rain (study frequency: L-band at about 1.3 GHz [7]) [6,8].
They thus allow gap-free data streams for vegetation mapping.
Moreover, while optical methods mostly sense surface and top of canopy conditions, microwaves
can penetrate into the vegetation canopy especially at longer wavelengths (e.g., L-band at about 21 cm
wavelength). In this regard, observations in the microwave spectrum provide information related to
plant moisture content and structure and offer a distinct view on plant conditions [5]. A parameter
frequently used in vegetation mapping is the vegetation optical depth (VOD) [9], which can be retrieved
for instance from AMSR or SMAP radiometer data. In order to use radar for mapping vegetation cover,
a robust index is desirable. However, at longer wavelengths (e.g., L-band), microwave indices are
potentially influenced by soil moisture and surface roughness contributions, also in presence of dense
vegetation [10]. When applying microwave indices as in [11], these soil contaminations have not been
taken into account, resulting in misleading interpretations.
One of the more established active microwave indices for mapping vegetation cover is the Radar
Vegetation Index (RVI) [12]. A sensitivity analysis of RVI at L-band was presented in [13], and it has
been utilized in studies such as [14–16]. In particular, prior investigations on RVI have compared it to
optical-based measures like the Normalized Difference Vegetation Index (NDVI), indicating greenness
of vegetation and Leaf Area Index (LAI), used to detect canopy layers from vegetation [14]. Also,
the RVI index has been shown to be related to the Vegetation Water Content (VWC) [14–16] that is
directly linked to the wetness of vegetation. Optical and infrared indices are however mostly sensitive
to scattering and absorption on leaf surfaces. The influence of wetness (e.g., VWC) and structure
(e.g., LAI) of a canopy on RVI is not yet understood sufficiently. In addition, the extent to which the
RVI index is solely connected to vegetation at long wavelengths (e.g., L-band) is not fully known.
This study investigates the characteristics of the RVI and assesses the potential for its improvement.
We investigate the degree to which RVI isolates the scattering by vegetation and is independent of
soil surface reflectivity, soil moisture and roughness. In the following sections we analyze these
characteristics of the RVI index and introduce two improved formulations using a multi-sensor
(active-passive microwave) approach.
2. Test Sites and Experimental Data
2.1. Test Sites
Investigations regarding the RVI-value range are initially carried out at global level. Beside the
investigation on global data, an in-depth study will be conducted over a few regions, in order to span
the entire range of land cover types without biasing the results towards a few dominant land cover
types. To define a set of suitable test sites, the following criteria are considered:
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• Coverage of different climate and vegetation zones, based on the International Geosphere-
Biosphere Programme (IGBP) classification from [17],
• Diversely vegetated areas to cover high and low RVI mean,
• Varying degrees of complexity in vegetation structure,
• Inclusion of areas with distinct vegetation cover,
• Availability of polarimetric radar data and auxiliary datasets.
The following sites are selected for the statistical analyses: Eastern U.S., Yucatan Peninsula,
Sweden, East Europe, Eastern South Africa, Kalimantan and Southeast China (Figure 1). The dataset is
compiled based on the above-mentioned criteria and includes vegetation canopies from: tropical
climate with evergreen broadleaf forests, mangroves, nipa palms (Kalimantan, Central parts of
Yucatan); warm temperate areas that grow deciduous broadleaf forests, mixed forests and cultivated
patterns (Eastern Europe, Southeast of China, Eastern U.S.); warm temperate and fully humid lands
covered by woody savannas and grassland (Eastern South Africa); continental and fully humid
territories characterized by extensive deciduous broadleaf forest (Central Sweden); polar regions that
contain robust needleleaf species and coverage by single pine and spruce trees.
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Figure 1. Locations of the in-depth test sites are marked as red polygons. The following sites are
selected: Easter . . ( ), t i s la (2), Sweden (3), East Europe (4), Eastern South Africa
(5), Kalim tan (6) and Southeast China (7). The light gr en color i ic t s t areas of dominant
vegetation scattering (result of masking areas with dominant soil scattering (cf. Section 3)).
2.2. Experimental Data
The L-band, polarimetric, space-borne radar data acquired by the NASA SMAP mission
(Soil Moisture Active Passive [7]) is the central dataset used in this study. The SMAP active-passive
dataset was recorded from 13 April 2015 to 7 July 2015. This period begins with the post-launch start
of science data acquisition by SMAP and ends on the date of the SMAP radar failure [7]. The used data
is the global level 3 product (SPL3SMAP) [18] that contains the linear backscattering intensities for
the polarizations HH, VV and aggregation of cross-polarizations (HV or VH) from the L-band radar
on a 9 km grid, as well as soil moisture and vegetation optical depth from SMAP L-band radiometer
retrievals on a 36 km grid for a global scale [7]. For the investigations of the RVI, time-averaged values
(April to July 2015) were considered because of the short period of record.
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In addition, soil roughness information (vertical component) from Parrens et al. [19] are used in
the forward modelling of the surface scattering component. This dataset is computed from SMOS
(Soil Moisture and Ocean Salinity [20]) L-band passive microwave observations with a spatial resolution
of ~43 km at global scale for the year 2011 [21]. A gap-filling procedure using mean roughness values
per IGBP land cover class is used to provide spatially continuous information, as suggested in [22].
This was necessary due to the data gaps in the original product of [19] caused by strong vegetation
cover in regions where no soil roughness could be estimated.
Furthermore, the MODIS-based vegetation water content (VWC) [23] included in the SMAP
product (SPL3SMAP) [18] is used for the correlation analysis in the results section. The MODIS-based
leaf area index (LAI) [24] will be used in the same section. The LAI data were available for all study
areas with 500 m spatial resolution gridded on 0.5◦ in latitude and longitude [25].
3. Modelling and Retrieval of Standard and Improved RVI
The radar vegetation index (RVI) has been used in a number of previous studies (e.g., [13,14])
mostly for predicting the growth level of crop vegetation over time [14]. The RVI, as firstly introduced
by Kim & van Zyl, is a measure of volume scattering (from randomly oriented dipoles), a scattering
mechanism usually caused by complex structural elements of vegetation (e.g., combination of leaves,
branches & trunks). The index is defined as [26]:
RVI =
8 σHV
σHH + σVV + 2σHV
, (1)
where σHH , σHV and σVV represent the measured linear backscattering intensities [-]. The 8 in the
numerator is referred to the pre-factor in this study. The RVI is meant to be a normalized index that
ideally varies between zero and one.
For L-band SAR applications at global scale it is likely that the measured quantities contain not
only scattering from vegetation cover, but also from the soil underneath. This is especially critical for
sparsely vegetated areas where there is soil backscattering in the co- and cross-polarizations. In some
cases, the RVI may over- or under-estimate vegetation volume scattering because it is based on a ratio.
Soil scattering contributions need to be removed from the measured intensities in (1). As stated in [14],
the RVI should typically vary between zero and one. Values near zero should correspond to bare
surfaces. Values near one should indicate a dense vegetation canopy. A previous study showed that
the index tends to overestimate biomass in dry regions [13]. To gain insight into the behavior of the
index, a polarimetric vegetation scattering forward model needs to be developed.
Scattering from a vegetation canopy can be modelled using a cloud of randomly oriented thin
cylinders and discs with lossy dielectric properties [12]. A polarimetric spheroidal particle model
is used here [27] to ensure flexibility for application to vegetation canopies with different structures
and geometries. This model is driven by the particle anisotropy (Ap) and orientation distribution
width (ψ) of the spheroidal particles that form the scattering canopy media. The particle anisotropy
represents the main plant constituents (e.g., stem, branches, leaves) forming the uniformly shaped
volume. The orientation distribution width embodies the degree of orientation and organization
of the constituents within the volume. Further details of the model are given in [27,28]. The linear
backscattering coefficients σPP [-], as a function of Ap [-] and ψ [rad], are given as follows [27]:
σHH =
1
1 + A2P
·1
8
(3A2P + 2AP + 3 + 4
(
A2P − 1
)
Sinc(2ψ) + (AP − 1)2Sinc(4ψ)), (2)
σVV =
1
1 + A2P
·1
8
(3A2P + 2AP + 3− 4
(
A2P − 1
)
Sinc(2ψ) + (AP − 1)2Sinc(4ψ)), (3)
σHV =
1
1 + A2P
·1
8
(AP − 1)2(1− Sinc(4ψ)). (4)
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The backscattering intensities are calculated using three sets of Ap-values, varying between zero
and 106 (0–1; 1–100; 100–106). The first set (0–1) capture particle shapes from vertical dipoles to spheres,
the second (1–100) and third range (100–106) simulate particles from spheres (values around 1) to
horizontal dipoles (values that tend to infinity). The evaluation of the standard RVI index using the
forward modelled linear backscattering intensities leads to an upper limit of 1.2 for the index. Analysis
of the entire Ap- and ψ-range with the canopy model can result in an optimized pre-factor for the
cross-polarization component within the RVI formulation (numerator in (1)). The optimization of
this pre-factor can shift the resulting values of RVI to be confined in zero to one range. The standard
pre-factor (A = 8) in (1) assumes randomly oriented dipoles that do not normalize the full range of
potentially occurring σHV–intensities due to variety in vegetation shape and structure. The white
line in Figure 2 marks the maximum of modelled σHV-values (0.125) from vegetation that can be
normalized by the standard pre-factor of 8. The global maximum when modelled with the particle
model was located at a higher value of 0.152. Therefore, the optimum pre-factor for an improved RVI
is found to be 6.57.
Remote Sens. 2018, 10, x FOR PEER REVIEW  5 of 15 
 
The backscattering intensities are calculated using three sets of ܣ݌-values, varying between zero 
and 106 (0–1; 1–100; 100–106). The first set (0–1) capture particle shapes from vertical dipoles to 
spheres, the second (1–100) and third range (100–106) simulate particles from spheres (values around 
1) to horizontal dipoles (values that tend to infinity). The evaluation of the standard RVI index using 
the forward modelled linear backscattering intensities leads to an upper limit of 1.2 for the index. 
Analysis of the entire ܣ݌- and ߰-range with the canopy model can result in an optimized pre-factor 
for the cross-polarization component within the RVI formulation (numerator in (1)). The optimization 
of this pre-factor can shift the resulting values of RVI to be confined in zero to one range. The standard 
pre-factor (A = 8) in (1) assumes randomly oriented dipoles that do not normalize the full range of 
potentially occurring ߪு௏	–intensities due to variety in vegetation shape and structure. The white line 
in Figure 2 marks the maximum of modelled ߪு௏	 -values (0.125) from vegetation that can be 
normalized by the standard pre-factor of 8. The global maximum when modelled with the particle 
model was located at a higher value of 0.152. Therefore, the optimum pre-factor for an improved RVI 
is found to be 6.57. 
 
Figure 2. Density plot of modelled ߪு௏	-values [-] from (4) as a function of vegetation parameters ߰ 
[rad] (orientation distribution width = degree of orientation in canopy) and ܣ݌ (particle anisotropy = 
plant shape) [-]. The white line indicates the maximum of modelled ߪு௏	-values (0.125) that can be 
normalized by the standard pre-factor of 8 in (1). The three panels correspond to different ranges of 
ܣ݌ (0–1; 1–100; 100–106). 
In addition to modelling the structural component of the RVI, we investigate the permittivity 
component of the forward vegetation scattering model. This modelling approach is still based on the 
variation in ߰, but starts on permittivity input level. To simulate the dielectric constant ߝ௩	 of the 
vegetation, the semi-physical method of Ulaby & El-Rayes is used [29]. The resulting complex 
dielectric constant ߝ௩  is input to the modelling of the particle shape, leading to variations in the 
parameter ܣ݌. This is done by solving the particle shape functions ܮଵ, ܮଶ for a given major (x1 = 0.01 
m) and minor axes (x2 = 0.05 m) [30,31]: 
ܮଵ = 		
ۖە
۔
ۖۓprolate:	 1 − ݁
ଶ
݁ଶ ൬−1 +	
1
2݁ ݈݊
1 + ݁
1 − ݁൰							 			ݔଵ 	൐ 		 ݔଶ								݁
ଶ = 1 − ݔଶ
ଶ
ݔଵଶ
			oblate:	 1 − ݂
ଶ
݂ଶ ൭1 −	
1
݂ ܽݎܿݐܽ݊(݂)൱						ݔଵ ൏ 		 ݔଶ								݂
ଶ = ݔଶ
ଶ
ݔଵଶ − 1		
		 (5) 
Figure 2. Density plot of modelled σHV-values [-] from (4) as a function of vegetation parameters ψ
[rad] (orientation distribution width = degree of orientation in canopy) and Ap (particle anisotropy
= plant shape) [-]. The white line indicates the maximum of modelled σHV-values (0.125) that can be
normalized by the standard pre-factor of 8 in (1). The three panels correspond to different ranges of Ap
(0–1; 1–100; 100–106).
In addition to modelling the structural component of the RVI, we investigate the permittivity
component of the forward vegetation scattering model. This modelling approach is still based on
the variation in ψ, but starts on permittivity input level. To simulate the dielectric constant εv of the
vegetation, the semi-physical method of Ulaby & El-Rayes is used [29]. The resulting complex dielectric
constant εv is input to the modelling of the particle shape, leading to variations in the parameter Ap.
This is done by solving the particle shape functions L1, L2 for a given major (x1 = 0.01 m) and minor
axes (x2 = 0.05 m) [30,31]:
L1 =

prolate : 1−e2e2
(
−1 + 2e ln 1+e1−e
)
x1 > x2 e2 = 1− x
2
2
x21
oblate : 1− f
2
f 2
(
1− 1f arctan( f )
)
x1 < x2 f 2 =
x22
x21
− 1
(5)
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L2 =
1
2
(1− L1). (6)
Both functions differentiate between a prolate and an oblate scenario to capture the entire shape
variation of the spheroidal particles. The particle anisotropy Ap can be calculated using a ratio of the
polarizabilities ρee1 and ρee2 calculated from shape functions L1 and L2 [28]:
Ap =
ρee1
ρee2
=
L2 + 1/(εr − 1)
L1 + 1/(εr − 1)

Ap < 1 oblate spheroids
Ap = 1 spheres
Ap > 1 prolate spheroids
(7)
This enables the determination of the shape Ap in dependence of a permittivity input.
Consequently, the RVI is simulated using the Ap-ψ model in (1) with the retrieved particle anisotropy
Ap as well as the modelled orientation distribution width ψ (full extend: 0◦ to 90◦). The conceptual
workflow of the model-based RVI, starting at permittivity input level is shown in Figure 3.
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Figure 3. ceptual orkflo of the odel-based RVI, starting at permit ivity input level. Input and
output parameters are marked in grey boxes.
The odelled results for the RVI are shown in Figure 4 (prolate scenario). r l ψ–values
(20–30◦) there are no variations of the RVI with increasing vegetation permittivity. With an increasingly
complex vegetation structure (40–90◦), there are the widest variations in RVI along vegetation
permittivity (real & imaginary part). The variations of RVI for the distribution interval from 30 to 60◦
are similar and between 15–50 in real part and between 5–15 in imaginary part of the permittivity.
It also clearl shows that only f r very low permittivity (real & imaginary part), there are no variations
of the RVI over this complexity range. The oblate scenario exhi ited similar results (not shown).
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Figure 4. Density plots of modeled RVI [-] as a function of t e t ti t t r t ψ [deg]
and the complex dielectric constant εv [-] of veg ta ion (after Ulaby & El-Rayes [29]), split in real (a)
and imaginary (b) part for the prolate spheroid scenario.
With the availability of the forward model of the σHV–component, there is now potential for
improvements in the pre-factor of RVI (normalization of index). Further improvements are introduced
by including an active-passive microwave-based correction for a soil scattering component within
the cross polarization σHV in (1), originating from soil roughness effects [27]. This improvement is
realized using a multi-sensor approach based on a forward modelling of the soil component. Hence,
an i proved definition of (1) is found given to be:
RVII =
6.57
(
σHV
m − σHV sγ2
)
(σHHm) + (σVV m) + 2(σHV m)
, (8)
where the parameter γ represents the one-way attenuation of the soil signal while passing through
the vegetation media. The one-way attenuation is derived from SMAP radiometer-based retrievals of
vegetation optical depth (VOD), using the MT-DCA algorithm from [32]. The estimates are assumed
polarization independent for L-band at global scales [32].
In (8) σpqm is the measured linear backscattering intensities and σpqs is the soil scattering intensity,
originating from forward modelling. Here, the extended Bragg model is used [33]. This polarimetric
bare soil scattering model for longer wavelength (L-band) requires input of the roughness and relative
permittivity of the soil. The latter is obtained from passive microwave soil moisture retrievals
(e.g., SMAP baseline algorithm), using the dielectric mixing model of Mironov & Fomin for the
conversion to permittivity [22,34]. For the soil roughness input, a SMOS-based dataset is utilized,
as introduced in Chapter 2.2. The conceptual workflow of the improved RVI (RVII and RVIII) retrieval
is shown in Figure 5.
An alternative approach of incorporating corrections for soil contributions in (5) is that all
measured input intensities are corrected for their respective soil scattering component. In this way,
soil contribution terms σs need to be known for all co- and cross polarizations. The maximum soil
correction of the measured intensities, is expressed as follows:
RVIII =
6.57
(
σHV
m − σHV sγ2
)
(σHHm − σHHsγ2) + (σVV m − σVV sγ2) + 2(σHV m − σHV sγ2) . (9)
Howev r, the quality and spatial resoluti n of the RVII and RVIII can only be as go d as its
remotely-sensed (SMAP & SMOS) input data for σpqs and γ. The improve indices incorporates ((8)
and (9)) combine information from active and passive microwave sensor data.
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sensor (active-passive microwave) approach. The input sensors and the output parameters are marked
in grey boxes.
In addition to the correction of the soil scattering component, the original RVI and the improved
indices (RVII and RVIII) need to be applied to the regions where they are valid (non-bare and non-ice
and snow-covered surfaces). The definitions of the excluded regions are described in more detail in
Section 4. The IGBP classification of land cover is used and the exclusion regions are shown in Figure 6.
Bare soil and sparse vegetation regions (deserts, sparse shrublands and steppes) are not within the
range of applicability of radar vegetation indices. If the removal of σpqs from σpqm led to negative
values, an indicator of the dominance of soil scattering over vegetation scattering, the area is masked.
This check for negative-valued intensities after removal of soil scattering is done for all polarizations.
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In the next section correlations between standard and improved RVI with soil- and vegetation-
related parameters are conducted in order to assess the degree to which RVI is an indicator of vegetation
structure and permittivity and independent of surface soil reflectivity. The model analyses in this
section showed that there is permittivity as well as structure dependence in radar vegetation indices.
Therefore, the following parameters are selected for a comparison: volumetric soil moisture and
vegetation water content (VWC) for permittivity dependency; vertical surface roughness (ks) and leaf
area index (LAI) for structure related correlation.
4. Results
4.1. Global Results
The global overview of the standard RVI, calculated with (1) and using SMAP radar data is shown
in Figure 7a. The Radar Vegetation Index defined in (1) shows a global pattern corresponding to
known global distribution of land cover. It is based on the short period (April to July 2015) where the
SMAP radar was operating. But cloud cover and illumination do not result in any data losses because
it is based on L-band radar measurements. The panel in Figure 7b shows that the index can exceed
the value of one. Especially in the tropical latitudes (e.g., Amazon basin) the maximum values reach
up to 1.2. The global maximum of the histogram in Figure 7b is around 0.8 and there is also a local
maximum close to one. There may be an overall overestimation of RVI towards higher values (>0.8 [-]),
which was already reported empirically in [14] and affirmed and analyzed with forward modelling of
a polarimetric vegetation scattering model in the previous section. The mask in Figure 6 is not applied
to RVI because in this study we used the RVI-values in the excluded region to diagnose soil surface
scattering and reflectivity contributions.
The pre-factor of the numerator in (1) can result in improved dynamic range and interpretability
of RVI. Figure 8 illustrates the result of the improved RVI (RVII) computed with (8). Figure 9 shows
the results of the fully corrected RVI (RVIII) calculated with (9). The incorporation of the forward
model-derived pre-factor and the active-passive microwave-based removal of the attenuated soil
contribution leads to an indexing between zero and one.
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There is a general shift towards lower values of the radar vegetation index as shown in the
histograms in Figures 8b and 9b. The global maxim in the histogram of the RVII is located at 0.7 and
a local one ca be found at 0.8. The dry and bare surfaces of Central and Western Australia show
RVI-values up to 0.7 (see Figure 7a). However, these values are unlikely to be representative of the
vegetation cover in the region. This is due to soil roughness-induced high values of σHV m instead of
any cross-polarization contribution from vegetation. Both RVII and RVIII remove the soil scattering
co tribution and, in cases where the resulting backscatter is negative, the region is considered to have
a too strong surface soil contribution and is masked out. Radar-based vegetation indices at L-band are
not suited (valid) for these regions.
4.2. Correlation of Radar Vegetation Indices with Soil- and Vegetation-Related Parameters
Correlations of soil related parameters are shown in Figures 10 and 11. Figure 10 demonstrates the
relation between the RVI, RVII, RVIII nd the volumetric soil moisture derived from SMAP radiometer
measureme ts [18]. The data have soil moisture values that are limited to a range between 0 and
0.6 [cm3/cm3] [35]. Id ally there should be no correla ion between soil mois ure and the indic s.
The dependence on soil moisture is already small with RVI (R2 = 0.08). The new indices reduce th
dep n nce further as expected f om their formulation (RVII: R2 = 0.06; RVIII: R2 = 0.02).
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and the microwave radar vegetation indices provide information about rather different volumes of 
Figure 10. Correlation for the co bined study areas bet een: (a) I [-]; (b) x-pol correcte II [-];
(c) fully corrected RVIII [-] and volumetric surface soil moisture [cm3/cm3] derived from S AP [18,35].
Figure 11 shows the relation of soil ro ghness eight sta ard eviation on-di ensionalized
with wave-length (ks) to RVI, RVI and RVI . The standard index (RVI) exhibits a dependency to the
surface roughnes parameter (R2 = 0.37) as s o n in igure 11a. lation i roves (by reduction
in cor elation) slightly but definitely not adequately for the cross-polarization-corre ted RVII ( 2 = 0.36)
as shown in Figure 11b. The fully corrected index (RVIII) shows much red ed correlation to the soil
roughness (R2 = 0.01) as shown in Figure 11c. This affirms that a correction of the s il roughness
contribution is necessary, as a pure vegetation-based radar vegetation index should be independent of
surface roughnes in lu nces.
Remote Sens. 2018, 10, x FOR PEER REVIEW  11 of 15 
 
 
  
(a) (b) (c) 
Figure 10. orrelation for the combined study areas between: (a) RVI [-]; (b) x-pol corrected RVII [-]; 
(c) fully corrected R III [-] and volu etric surface soil moisture [cm3/c 3] derived fro  SM P [18,35]. 
Figure 11 shows the relation of soil roughness height standard deviation non-dimensionalized 
with wave-length (ks) to RVI, RVII and RVIII. The standard index (RVI) exhibits a dependency to the 
surface roughness parameter (R2 = 0.37) as shown in Figure 11a. The relation improves (by reduction 
in correlation) slightly but definitely not adequately for the cross-polarization-corrected RVII (R2 = 
0.36) as shown in Figure 11b. The fully corrected index (RVIII) shows much reduced correlation to 
the soil roughness (R2 = 0.01) as shown in Figure 11c. This affirms that a correction of the soil 
roughness contribution is necessary, as a pure vegetation-based radar vegetation index should be 
independent of surface roughness influences. 
   
(a) (b) (c) 
Figure 11. Correlation for the combined study areas between: (a) RVI [-]; (b) x-pol corrected RVII [-]; 
(c) fully corrected RVIII [-] and SMOS-based soil surface roughness (ks) [-] (derived from Parrens et 
al. from [19]). 
The relation with vegetation-related parameters is shown in Figures 12 and 13. Figure 12 shows 
the correlation of the RVI, RVII and RVIII with the volumetric water content of the vegetation (VWC). 
Unlike the previous analyses with surface soil moisture and roughness (where the ideal was low 
correlation), the analysis with vegetation properties ideally show high correlation. 
The scatterplots indicate a distinct link to the water content of vegetation in all three cases (RVI, 
RVII and RVIII). The distributions reveal a positive (linear) relationship for the standard RVI (R2 = 
0.53) as shown in Figure 12a. The correlation is most clearly evident for RVI between 0.5 and 1 [-]. 
The correlations do not improve appreciably for RVII and RVIII. All three indices are equally linked 
to wetness and structure of vegetation. 
Results for the correlation with the plant structure and geometry-related leaf area index (LAI) 
are shown in Figure 13. However, the structural part of the forward modelling indicates a 
dependency of RVI (RVII, RVIII) to the leaf structure. The resulting scatterplots point towards a weak 
but positive linear relation. The statistics however show reduced correlation in the case of Figure 13c 
(RVI: R2 = 0.56; RVII: R2 = 0.53; RVIII: R2 = 0.35). Hence, RVIII indicates lower sensitivity under high 
biomass after elimination of soil contribution than RVI and RVII. Whether LAI should be dominantly 
reflected in a low-frequency microwave vegetation index, from L-band waves penetrating into 
canopy and below the leaf layer, is open to debate. Therefore, it is likely possible that the optical LAI 
and the microwave radar vegetation indices provide information about rather different volumes of 
: ( ) ;
f ll corrected RVI [-] and SMOS-based soil surface roughness (ks) [-] (derived from Parrens et al.
from [19]).
he relation ith vegetation-relate para eters is sho n in Figures 12 an 13. Figure 12 sho s
the correlation of the I, II an III ith the volu etric ater content of t e e etati ( ).
nlike the revio s analyses ith s rface soil oist re an ro ghness ( here the i eal as lo
correlation), the analysis ith vegetation ro erties i eally sho high correlation.
he scatter l ts i icate a distinct link to the water co tent of vegetation in all three cases
( I, RVII and RVIII). The distributions reveal a positive (linear) relationship for the standard VI
(R2 = 0.53) as shown in Figure 12a. The correlation is most clearly evident for RVI between 0.5 a 1 [-].
e correlations do not improve ap reciably for RVII and RVIII. All three indices are equally linked to
wetness and struct re of vegetation.
es lts for the correlation with the plant structure and geometry-related leaf area index (LAI) are
shown in Figure 13. However, the structural part of the forward modelling indicates a depe ency of
RVI (RVII, RVIII) to the leaf structure. The res lting scatterplots point towards a weak but positive
linear relation. The statistics however show reduced correlation in the case of Figure 13c (RVI: R2 = 0.56;
RVII: 2 0.53; III: 2 = 0.35). Hence, RVIII indicates lower sensitivity under high biomass after
elimination of soil contributi n tha RVI and RVII. Whether LAI s ould be dominantly reflected in
a low-frequency microwave vegetation index, from L-ba waves penetrating into canopy and below
the leaf layer, is open to debate. Therefore, it is likely possible that the optical LAI and t e microwave
Remote Sens. 2018, 10, 1776 12 of 15
radar vegetation indices provide information about rather different volumes of the vegetation canopy.
The former is more indicative of canopy leaves and their abundance [36], while the latter is also
including woody elements (trunk and branch) [37].
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ices combine active and passive microwave data to c nfine their dynamic range between zero an
o e. The new indices remove the surface contributions (scattering from rough surfaces a d surface
reflectivity due to soil moisture). Howev r, where he urface co tribution is large comp red to any
existing vegetati n, i.e., deserts, open shrublands, st ppes, t . then the re idual backscatter (after
Figure 13. orrelation for the co bined study areas bet een: (a) R I [-]; (b) x-pol corrected R II [-];
(c) f lly corrected RVIII [-] and Leaf Area Index (LAI) [m2/ 2] fro yneni et al. [24].
5. Su ary and Conclusions
The ai of this study is to better understand the behavior of the icro ave radar vegetation
indices (RVI) at lo micro ave frequencies. e use a ulti-sensor (active-passive icro ave)
approach to isolate vegetation and surface soil contributions to the indices. This is achieved using
for ard odels that predict the linear backscattering intensity from the vegetation and from the
soil underneath, as well as the attenuation within the vegetation. The backscatter fro vegetation is
calculated using a polari etric single layer odel of spheroids also kno n as Ap-ψ odel. The soil
contribution originates fro a polari etric soil scattering odel for longer avelength, the extended
Bragg odel, hich includes a passive microwave-based static map of surface roughness [19].
The vegetation attenuation estimates are also derived from passive icrowaves (through the vegetation
optical depth para eter) [32]. The structural and dielectric co ponents contributing to volu e
scattering are esti ated ith a polari etric backscattering (Ap-ψ) odel of vegetation. Results sho
that the standard pre-factor in the definition of the standard R I does not nor alize the index and
does not li it it to be bet een zero and one, hich akes its interpretation difficult and applicability.
new pre-factor is found that properly normalizes RVI and it is 6.57 instead of 8 based on the forward
model analyses. Two improved versions of the RVI (called RVII and RVIII) are proposed to provide
a vegetation index that reduces the soil scattering contribution present in the standard index at L-band.
The degree to which the radar vegetation indices isolate the volume scattering from vegetation fro
surface contributions is analyzed by performing correlation analyses of the indices with surface soil
moisture and surface roughness estimates as well as vegetation properties.
In kno n sparsely or non-vegetated areas, the R I can be as high as 0.7 [-] due to soil roughness-
induced cross-polarization (σHV m) instead of cross-polarization from vegetation. The i proved
indices co bine active and passive microwave data to confine their dynamic range between zero
and one. The new indices remove the surface contributions (scattering from rough surfaces and
Remote Sens. 2018, 10, 1776 13 of 15
surface reflectivity due to soil moisture). However, where the surface contribution is large compared
to any existing vegetation, i.e., deserts, open shrublands, steppes, etc. then the residual backscatter
(after removal) may become negative. This indicates a lower limit of applying microwave backscatter
indices due to significant penetration of L-band waves into sparse and open canopies [38]. In this
respect the microwave vegetation indices represent a different fraction of the vegetation volume than
optical- and infrared-based ones. The latter indices also work in sparsely vegetated regions, but their
sensitivity is significantly diminished in closed and more dense canopies.
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